Background: Accurate closed-loop control is essential for developing artificial pancreas (AP) systems that adjust insulin infusion rates from insulin pumps. Glucose concentration information from continuous glucose monitoring (CGM) systems is the most important information for the control system. Additional physiological measurements can provide valuable information that can enhance the accuracy of the control system. Proportional-integral-derivative control and model predictive control have been popular in AP development. Their implementations to date rely on meal announcements (e.g., bolus insulin dose based on insulin:carbohydrate ratios) by the user. Adaptive control techniques provide a powerful alternative that do not necessitate any meal or activity announcements. Materials and Methods: Adaptive control systems based on the generalized predictive control framework are developed by extending the recursive modeling techniques. Physiological signals such as energy expenditure and galvanic skin response are used along with glucose measurements to generate a multiple-input-single-output model for predicting future glucose concentrations used by the controller. Insulin-on-board (IOB) is also estimated and used in control decisions. The controllers were tested with clinical studies that include seven cases with three different patients with type 1 diabetes for 32 or 60 h without any meal or activity announcements. Results: The adaptive control system kept glucose concentration in the normal preprandial and postprandial range (70-180 mg/dL) without any meal or activity announcements during the test period. After IOB estimation was added to the control system, mild hypoglycemic episodes were observed only in one of the four experiments. This was reflected in a plasma glucose value of 56 mg/dL (YSI 2300 STAT; Yellow Springs Instrument, Yellow Springs, OH) and a CGM value of 63 mg/dL). Conclusions: Regulation of blood glucose concentration with an AP using adaptive control techniques was successful in clinical studies, even without any meal and physical activity announcement.
Introduction

S
ignificant advances have been made in the development of an artificial pancreas (AP) in recent years. 1 The control system of an AP calculates the appropriate amount of insulin to be infused by an insulin infusion pump based on glucose concentration measurements from a continuous glucose monitoring (CGM) system. Glycemic control can be achieved by a completely automated external closed-loop insulin delivery. 2 Various automatic control strategies with different modeling algorithms have been investigated during the last three decades. [2] [3] [4] [5] [6] [7] The first trials were done with a proportional (P)-integral (I)-derivative (D) (PID) controller, [2] [3] [4] which is a wellknown control strategy. The P gain determines insulin in proportion to the difference between current blood glucose concentration (BGC) and the target glucose concentration; the I and D gains are used for slow second-phase rise and rapid first-phase rise, respectively, during hypoglycemia. Although early clinical trials showed that there is not a significant difference on mean glucose levels between open-loop and closed-loop control with the PID strategy, 2 recent studies [8] [9] [10] using insulin feedback in a PID controller demonstrated better regulation performance with reduced occurrence of hypoglycemia. Under the PID strategy, gastric emptying was artificially delayed with preprandial injections of pramlintide (an amylin analog) to compensate the delays in absorption of insulin. 11 The model-predictive-control (MPC) strategy was found to have better performance than classical PID controllers in terms of handling time delays in the system and accommodating constraints on both manipulated and observed variables. MPC was used in closed-loop studies 5, 12, 13 where the loop was closed at night after dinner and opened after breakfast (from 3.5 h after having dinner until the next day before lunch). Both PID and MPC control strategies have some limitations. Determination of P, I, and D gains in the PID controller is subjective and condition specific. There are methods such as the Ziegler-Nichols method to determine the first guesses of these parameters. However, the parameters determined by the Ziegler-Nichols method (or others) have to be retuned when a patient's metabolism, physical activities, or emotional state changes significantly. Because the dynamics of BGC vary from subject to subject and are also timevarying, 14 these controller parameters have to be retuned for every significant change in BGC dynamics. The MPC method 5, 12, 13, 15 can be implemented by using an in silico metabolic model. 16 Using the model created, meal and exercise information is given to the model as known disturbances during closed-loop operation. In these studies, closed-loop trials are preceded by an open-loop day because the time and the amount of meal have to be entered to the algorithm in the open-loop day and the same type of meal at the same time as the open-loop day is provided in the closed-loop experiment day. In case meals are not announced to the MPC algorithms and the classic additive disturbance assumption is used, the performance may not be good enough in terms of disturbance rejection. 17 A Kalman filter can be used along with MPC to predict unmeasured meal disturbance for having better disturbance rejection. 18 Adaptive control strategies are considered to be an alternative to overcome such problems. Adaptive control strategy based on generalized predictive control (GPC) was proposed. 6, 7, 19, 20 Closed-loop studies were conducted to assess the performance of GPC during 6 and following 20 exercise. The recursive least square parameter estimation method was used to identify unknown model parameters after each new measurement. Thus, the identified model and controller parameters are updated at each sampling time to reflect any changes in the dynamics of the process. In contrast to MPC studies, 12, 13, 15 there is no need to provide meal and exercise information as known disturbances.
A patient's metabolic and physical activities may have significant effects on the dynamics of the BGC. Using measurements related to lifestyle conditions can improve the prediction of BGC and consequently the performance of the controller. 6, 21 Energy expenditure 22 and galvanic skin response can be used as indicators of physical activity. Stress is known to have considerable effects on BGC dynamics. Stress may affect the performance of closed-loop controllers significantly. 23 The relation between stress and galvanic skin response 24 can be used in prediction and controller algorithms to improve the performance of the AP.
One of the major challenges in AP implementations is the prevention of hypoglycemia. A rapid-acting insulin analog cannot be used, metabolized, or eliminated by the body in the same manner as endogenous human insulin. Exogenous insulin, as used in insulin infusion pumps, affects the body over an extended time period, where approximately 30% is metabolized by the body during the first hour and 70% during the following 2 h. Thus insulin administration based exclusively on current blood glucose measurement can cause hyperinsulinemia and subsequent hypoglycemia. A prediction of plasma insulin that is also called insulin on-board (IOB) can be implemented to the controller to prevent hypoglycemia. 6, 7, 25 In this study, multivariable adaptive GPC was used with a multiple-input-single-output model for predicting future glucose concentrations based on glucose measurements from a CGM device, physiological signals from a multisensory armband, and plasma insulin (IOB) predictions to control BGC of patients with type 1 diabetes (T1D). The controllers were tested with clinical studies that include seven cases with three different patients for 32 or 60 h without any meal or activity announcements.
Materials and Methods
Subjects
The subjects were recruited by Kovler Diabetes Center, University of Chicago Medical Center, Chicago, IL, and were scheduled for a visit at the University of Chicago General Clinical Research Center (GCRC). The subjects included healthy, physically active young adults 18-35 years old with T1D. All subjects used continuous subcutaneous insulin pump therapy.
Study experiments
A Medtronic (Northridge, CA) CGM system (MMT-7012) was used to collect the glucose concentration data to be used as the output of the identified model. The body monitoring system SenseWear Ò Pro3 (BodyMedia Inc., Pittsburgh, PA) was used for collection of metabolic and physical activity and emotional state information. This device is a multisensor monitoring device that provides accurate estimates of physical activity data using accelerometers and heat-related sensor and galvanic skin responses. 26 The most important variables collected from the armband for prediction of glucose concentration have been determined to be energy expenditure and galvanic skin response. 6, 21 Upon admission of the patients to the GCRC, a history was taken, and a physical examination was performed to ensure that the subjects were medically cleared to participate in the study. Subjects were questioned about any metabolic instability as evidenced by recent hospitalizations for acute (e.g., diabetic ketoacidosis) or chronic diabetes complications or by severe hypoglycemia requiring intravenous dextrose or glucagon within the last 2 weeks. An intravenous catheter was placed in the dominant arm for blood sampling, if indicated. The subjects' own insulin type and pumps were used during the experiments.
Initially, the experiments were designed to last 32 h. The CGM sensor was inserted in the morning of the experiment, and the closed-loop experiment was initiated after the sensor readings were stabilized and calibrated. In later experiments, the CGM sensors were inserted on the evening prior to the experiment. In the final three experiments, the duration of the GCRC visit was increased to 3 days. These visits were approximately 60 h long. The first day was used for sensor calibration and open-loop operation under the same conditions that the subject would experience the following 2 days when the closed-loop experiment would be conducted. Therefore, the initial studies included 2 experimental days (with one overnight), whereas the final studies included 1 adaptation day and 2 experimental days (with one overnight stay).
The subject's CGM device and SenseWear armband were tested and calibrated before experiments started. Data collection for closed-loop control started on the experiment day (Day 1 for the initial experiments and Day 2 for the final experiments), and insulin delivery began via closed-loop control for 32 h. Subjects were provided a total of eight meals and snacks during the 2-day experiment period. Data were collected and transmitted to a computer every 10 min. Every hour and before meals, BGC was measured from capillary (fingerstick) blood using a portable glucose meter or from plasma using the YSI 2300 STAT (Yellow Springs Instrument, Yellow Springs, OH). If there was a significant difference (relative difference > 25%) between the CGM reading and the YSI measurements, the YSI value was entered into the CGM device for calibration.
The insulin infusion rates were computed every 10 min by the controller and reviewed by a medical expert each time a new infusion rate was computed. Upon approval, the computed insulin infusion rates were entered manually into the subject's insulin pump. Table 1 shows the carbohydrate content of each meal for all experiments. Meals were selected to be carbohydrate-rich to challenge the performance of the controller. Table 2 shows treadmill exercise information for each experiment during closed-loop. The subjects walked on a treadmill using a ramped protocol where the speed (miles per hour [mph] ) and the incline (%) of the treadmill were gradually increased until the subjects terminated the exercise session based on self-reported symptoms (e.g., exhaustion). Overall, the subjects exercised 85 -8.3% (mean -SD) of their age-predicted heart rate of (220 -age) 27 (range, 70-97%). The same procedure (in terms of the length and the intensity) for the exercise period was applied in all experiments. Technical problems prevented the recording of exercise information for Experiment 7 on the second day.
Subjects were monitored for hypo-and hyperglycemia during the experiment period. The following protocols were used to treat hypoglycemia and hyperglycemia during the study.
Hypoglycemia. To treat low blood glucose, if the CGM reading was lower than 60 mg/dL and either the glucose meter or the YSI measurement confirmed this, the basal rate of insulin was decreased by 50%, and short-acting glucose including a minimum of 15 g of carbohydrates (based on a subject's requirements, the amount can be more) was provided. The blood glucose level was checked every 15-20 min by glucose meter or YSI, and short-acting glucose supplements were repeated until the BGC was 60-140 mg/dL. After three attempts, if the blood glucose level remained low, the pump was disconnected and reconnected at a lower rate when the blood glucose level was in the normal range.
Hyperglycemia. Urine ketones were checked for sustained BGC. If the urine ketones were negative and the controller was unable to reduce the BG appropriately, a bolus insulin injection (10% of the total daily insulin dose, or more depending upon the degree of ketosis) was administered via the pump or exogenously, depending upon the integrity of the pump site. If ketones were positive, additional exogenous insulin was given, and the infusion site was changed.
The subjects were discharged from the GCRC approximately 2 h following the termination of the closed-loop study period. During this 2-h period, the BGCs of the research subjects were documented to be in the normal range prior to release from the GCRC and upon completion of the study.
Modeling and control
BGC can be expressed as a function of its past values with an autoregressive moving average model with exogenous input (ARMAX):
where y(k) represents the current CGM reading, u 1 (k -1), u 2 (k -1), and u 3 (k -1) are infused insulin, measured energy expenditure, and galvanic skin response, respectively, at the (k -1)th sampling time, d 1 , d 2 , and d 3 are the respective time delay terms for the three inputs and selected as one, two, and two sampling times, respectively, for glucose concentration estimation, and e(k) is the estimated prediction error, defined as:
where /(k) T is the vector of past observation andĥ(k) is the vector of model parameters: 
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Unknown model parameters can be found by minimizing the objective function:
where P(k) is the estimate of the error covariance matrix and k is the forgetting factor that adjusts the weight given to recent measurements. The initial values used were P(0) = 100I (where I is identity matrix) for the covariance matrix and k = 0.95 for the forgetting factor. After identification of unknown parameters in Eq. 7, the ARMAX model is used in the GPC 28, 29 for calculation of the appropriate insulin amount to be infused by a constrained minimization problem:
s:t: u min pupu max where r($) is the target BGC for the controller and set to be 120 mg/dL for the whole closed-loop period, including daytime and nighttime, w($) is the identity weight matrix (I 6 · 6 ), and u min and u max are the minimum and maximum limits, respectively, for calculated insulin. For every insulin infusion rate suggestion made by the controller, the IOB amount is predicted based on prediction models previously proposed. Day 1  123  128  131  138  142  169  174  187  189  165  D a y2  ---------- HR, heart rate (beats/minute); Incline (degrees), treadmill incline percentage; mph, miles per hour; S1-S10, exercise stages 1-10; Time (min), minutes of exercise at the corresponding treadmill incline.
If the suggested amount is less than the predicted IOB, the minimum amount of insulin is infused. Otherwise, the IOB amount is subtracted from the suggested value, and the remaining amount is infused. Physiological signals such as energy expenditure and galvanic skin response information are used in the ARMAX model in Eq. 1 as external inputs for the model. Thus, this information is used in prediction of the glucose concentration that is directly used in the objective function. In addition, the current values of physiological signals were used in a penalty function to bound the insulin infusion rate during exercise. A more detailed description of this algorithm is reported elsewhere. 6 
Results
The total duration of closed-loop experiments (Experiment 5 is not included) is 154.5 h. Glucose concentration is maintained between normal pre-and postprandial ranges (70-180 mg/dL) in 62% of the observations. The entire duration of the closedloop study is divided to three parts. The time from 12 a.m. to 7 a.m. in the morning is defined as the overnight closed-loop period. The time from the beginning of exercise to 2 h postexercise is defined as the exercise closed-loop period. The remainder of the time for each experiment is defined as glycemic closed-loop period. Table 3 shows the percentages of each experiment for three different defined durations. The controller was overridden only once during all even experiments. Figure 1 shows the results of Experiment 6. This is the second 3-day experiment that was conducted after all the current features of the controller were implemented. The controller was modified based on the observations from the earlier experiments to improve the performance of the closedloop. Closed-loop control started with breakfast and continued for 31 h. The exercise session was after lunch on the first day but before lunch on the second day. No hypoglycemia occurred during the closed-loop control period. Four ounces of orange juice was provided two times when the CGM reading was decreasing toward the hypoglycemia threshold (BGC < 60 mg/dL). As shown in Figure 1 , the controller suggests lower insulin values for longer periods of time compared with other periods of the experiment as soon as exercise started. In case the difference between CGM and YSI or fingerstick glucose measured on the personal glucose meter was too high (relative difference > 25%), the YSI BGC measurement value was entered into the CGM device for calibration. But, this difference was not high enough during this experiment to warrant recalibration. Figure 1C and D shows the information coming from the SenseWear armband for Experiment 6 (other experiments are not shown). These signals were used as external inputs in the ARMAX model. As it is seen in Figure 1 , when exercise starts, energy expenditure increases, and this information triggers the controller to give lower insulin infusion rates. The same logic is used for galvanic skin response with a lag time comparing the glucose values. In fact, this delay causes the controller to suggest lower insulin rates even when the exercise is over in order to prevent postexercise hypoglycemia.
The results of the other experiments are included to illustrate the improvements of the algorithm over time and the challenges faced by equipment malfunctions. The first experiment had inconsistencies in the glucose readings displayed by the CGM device and the pump. After the causes of the difference were debugged and both units were calibrated, closed-loop control was used only on the second day starting with breakfast and continued for about 8 h (Fig. 2) . The maximum amount of insulin that can be infused in a 10-min period was too conservative and caused the initial increase in glucose concentration. The single bout of exercise helped to lower the BGC, and the controller performed satisfactorily afterward in spite of the unannounced lunch disturbance.
Two different control algorithms were tested during the second experiment (Fig. 3) . The control system reported in this article was used only during the period that starts at 5 p.m. on the first day of the experiment and ends at 10 a.m. on the second day. In all experiments the insulin infusion was administered as adjustments in basal rate. In this experiment, the subject infused a bolus as he did routinely immediately prior to breakfast, which delayed the start of the closed-loop experiment. Because the whole system is designed based on infusion of basal insulin, this unplanned bolus injection caused an increase in the amount of IOB and was partially responsible for the hypoglycemia episode after the exercise, before the controller was switched to the one described in this study. This hypoglycemia was detected because of a fingerstick BGC measurement and was treated by providing snacks that triggered the hyperglycemic episode at 1 a.m. IOB estimates were added to the control system starting with Experiment 3 (Fig. 4) . High amounts of carbohydrate were given in meals to challenge the performance of the controller. Note that the controller suggests lower insulin infusion rates during exercise even while glucose concentrations are increasing. This is a strength of the controller in that it can predict the decrease in BGC because of exercise. Hypoglycemia did not occur during the entire closed-loop control experiment. However, the high amounts of carbohydrates caused some hyperglycemia episodes. Because hypoglycemia was a larger concern and the maximum basal rate was constrained to prevent large amounts of IOB, the glucose concentration reached 250 mg/dL and 300 mg/dL in two separate occasions.
The period from 8 p.m. to 2 a.m. (light green area in the middle of Fig. 5 ) in Experiment 4 shows one of the major problems with CGM systems. The sensor gave a ''Lost Sensor'' error during this interval, and the site of the sensor had to be changed. This change caused 6 h of interruption in CGM readings. The subject's glucose was measured by fingerstick or YSI during the open-loop period, and the amount of bolus injected was decided by the patient. After the signals from the sensor were restored, the loop was closed again. No hypoglycemia was seen during the entire experiment (BGC < 60 mg/dL).
In the third experiment that lasted 3 days and had the current control system configuration (Experiment 7), the glucose sensor lost readings from noon to 4 p.m. on the first day of the closed-loop experiment (Fig. 6) . Closed-loop control continued during this period by using glucose information from fingersticks. BGC went below the hypoglycemia threshold three times during this experiment. However, by checking blood glucose with fingerstick and YSI, only one of them was confirmed to be real hypoglycemia. For all three cases additional snacks were provided until BGC came back to the normal range. Different types and amounts of insulin may have different pharmacodynamic profiles, 14 as do the effect of meals on BGC.
14 To be closer to real life, different meals were provided in each experiment. These might be the reasons to see high BGC in this experiment.
Distributions of CGM data for six closed loop experiments and three open-loop days for various subjects selected randomly from their historical data sets are shown in Figure 7 . The mean glucose concentration is lower in closed-loop experiments in all cases. Also, the median value of CGM is between normal pre-and postprandial ranges (70-180 mg/dL) in the box-whisker plots. Most of the data are concentrated inside the normal range. Table 4 shows potentially high or low BGCs for each experiment. As it is seen in Table 4 , YSI readings confirmed that real hypoglycemia happened only in Experiment 7. In other experiments, even CGM readings showed low glucose concentrations, by checking YSI or fingersticks, BGC was seen to be above hypoglycemia (BGC > 60 mg/dL). For safety, additional snacks were provided when low BGC was obtained by either CGM or YSI (or fingersticks).
Discussion
A controller strategy that needs announcement of disturbance cannot be considered as fully automated system. There is no significant difference between such a closed-loop system and an open-loop system, in terms of making the patient's life easier. Meal and exercise announcements introduce additional challenges for the parents of young children with T1D. An adult is needed for computing and entering such information. Different kinds of foods have different effects on the dynamics of BGC. Thus, entering only the amount of the meal may affect the performance of an AP for different types of foods. Moreover, a closed-loop system has to be always ready for a disturbance. Having meals at different times in various days may impact the accuracy of control actions in cases when the times of meals are included in the control logic.
In an adaptive system identification and control strategy, all parameters in the system are updated based on the changes that happen in the process. There is no need to tune any parameter in the system. The necessity to provide additional information such as meal announcement is removed. The controller is able to automatically modify itself during exercise or sleep periods by using the information from physiological signals. As expected, smoother insulin infusions were provided at these times.
The suboptimal performance of CGM devices has been discussed in many studies. [31] [32] [33] However, this problem is being addressed by device manufacturers, and the availability of CGM systems with higher accuracy and reliability are expected in the near future. To increase the reliability of the current CGM devices, multiple sensors can be used during closed-loop experiments as has been done in some studies. 5, 7 When the CGM device gives the ''Lost-Sensor'' error, the site where the sensor was implanted has to be changed. The stabilization of the sensor at the new site necessitates at least 2 h for sensor to warm-up and start to work again. Lack of information during the warm-up period can be eliminated by switching between sensors in case the one that is used gives an error. Because in all experiments only one sensor was used, we had to wait for warm-up duration when the site of the sensor was changed.
In the first experiments, the CGM device was calibrated according to the manufacturer's directions. The CGM system was calibrated with either YSI or fingerstick before meals. In recent experiments, the frequency of obtaining YSI and fingerstick BGC measurements was increased, and in addition to following the manufacturer's directions, the CGM device was recalibrated when CGM readings were significantly different (relative difference > 25%) from YSI and fingerstick values, especially when the BGC was approaching the hypoglycemia limit. Although YSI readings were planned to be taken every hour, in practice it was not possible to do that. Specifically, during the exercise periods only the glucose meter was used. In case the glucose level was low, the frequency of sampling with glucose meter (not all of them are shown in the figures) was increased. Also, as shown in Figure 7 , the averages of all experiments are between 154 and 178 mg/dL, even though the target BGC for the controller was 120 mg/dL for all the time. This is partially caused by the inaccuracy of the CGM device.
The control system proposed in this study is based on manipulating basal insulin infusion and is the first time used for the closed-loop control of T1D. After conducting many case studies in in silico 16 experiments and evaluating the results from the first experiments, a more aggressive controller was developed. It has a better performance in regulating the glucose concentration. The weight parameter corresponding to insulin in Eq. 10 is selected to be an identity matrix (I 6 · 6 ) to have aggressive suggestions of insulin.
In our experiments, because only the later experiments considered IOB and a real hypoglycemia event was seen only in Experiment 7, the effect of implementing IOB prediction into the controller could be observed. Various other studies 10, 25, 34 have confirmed that using IOB information can prevent hypoglycemia. Also, based on the physiologic properties of glucose and insulin dynamics, IOB information has to be implemented to the AP systems.
Because the first aim of this work was to prevent hypoglycemia, the BGC reached hyperglycemia threshold in some experiments. This problem is now under consideration, and the controller is being modified to reduce hyperglycemia.
Conclusions
A multivariable adaptive closed-loop controller without any meal or exercise announcement was designed to provide an easy-to-use AP. Better blood glucose regulation is obtained by using adaptive system identification and a controller that leverages physiological information. The system can also achieve hypoglycemia prevention during exercise and sleep.
